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Abstract: This study aims to develop a method to estimate chlorophyll-a concentration (Chla) in
tropical freshwater lake waters using in situ data of Chla, water reflectance, and concurrent Sentinel
2A MSI imagery (S2A) over Lake Ba Be, a Ramsar site and the largest natural freshwater lake in
Vietnam. Data from 30 surveyed sampling sites over the lake water in June 2016 and May 2017
demonstrated the appropriateness of S2A green-red band ratio (band 3 versus band 4) for estimating
Chla. This was shown through a strong correlation of corresponded field measured reflectance ratio
with Chla by an exponential curve (r2 = 0.68; the mean standard error of the estimates corresponding
to 5% of the mean value of in situ Chla). The small error between in situ Chla, and estimated Chla
from S2A acquired concurrently, confirmed the S2A green-red band ratio as the most suitable option
for monitoring Chla in Lake Ba Be water. Resultant Chla distribution maps over time described a
partially-seasonal pattern and also displayed the spatial dynamic of Chla in the lake. This allows a
better understanding of the lake’s limnological processes to be developed and provides an insight
into the factors that affect lake water quality. The results also confirmed the potential of S2A to
be used as a free tool for lake monitoring and research due to high spatial resolution data (10 m
pixel size).
Keywords: limnology; water quality; remote sensing; algae blooms; algorithms
1. Introduction
Chlorophyll-a concentration (Chla) is considered an indicator of phytoplankton abundance
and biomass in lake waters and can be used to determine the water quality, biophysical status and
eutrophication level of a water body. Therefore, Chla is commonly used to assess the trophic level of
lakes [1–3], and also to measure the water quality [4,5].
Estimation of Chla is one of the most well-established scientific applications of remote sensing [6].
Remote sensing has long been recognized as a tool with significant potential for monitoring Chla in
lake waters as it is both time and financially efficient [7]. However, remote sensing for estimating Chla
in inland waters faces many challenges, not only in terms of the science underpinning the retrieval of
the water’s physical and biogeochemical properties, but also of the available sensors’ specifications [8].
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Most approaches for remote estimation of Chla are based on empirical relationships between the
reflectance in the sensors’ narrow bands or band ratios and Chla [9]. Various algorithms have been
developed and utilized successfully to map Chla in oceans, estuaries, and fresh water bodies [10–13].
However, several studies have also shown that the broad wavelength spectral data available on current
satellites (i.e., Landsat, SPOT) does not allow the estimation of Chla in high turbidity waters, due
to the dominance of the spectral signal from the suspended sediments [9,14,15]. Among various
algorithms for estimating Chla, algorithms based on the relationship between Chla and reflectance at
the “red edge” of the visible spectrum [16] have shown a strong correlations between Chla and the
difference of reflectance between near-infrared (NIR) and red regions. These regions correspond to
low and high absorption ranges of Chla, even in waters with high presences of suspended sediment
and colored dissolved organic matter (CDOM) [17,18].
The first satellite of the Sentinel-2 constellation, Sentinel-2A MSI (S2A), was successfully launched
on 23 June 2015 with a multi-spectral imager (MSI), an optical imager with 13 spectral bands spanning
from the blue to the shortwave infrared (SWIR), with 10, 20, or 60 m ground resolution. The MSI on
S2A has a high potential for monitoring Chla in coastal and inland waters due to its red-edge band near
705 nm (band 5) and near the second peak of Chla absorption in the red band (band 4: 665 nm) [19,20].
However, the selection of a Chla estimation algorithm depends on the optical properties of studied
water (i.e., ocean, coastal or inland waters). Therefore, the S2A band algorithms for estimation of
Chla need to be evaluated for each type of water. Furthermore, performance of the red and NIR band
ratio algorithms for estimation of Chla using the S2A red-edge and red bands needs be examined to
appropriately evaluate the potential of S2A data for monitoring Chla in tropical inland lake waters.
This study demonstrates the capability of S2A data in monitoring Chla in Lake Ba Be water
using the correlation between reflectance ratio of S2A green band (band 3) versus red band (band
4) (termed: S2A-B3/B4), and concurrent in situ Chla measured in June 2016 and May 2017. In the
study, the performance of commonly used algorithms for Chla estimation based on S2A bands was
evaluated through analysis of water reflectance spectra and the relationship between in situ Chla and
field-measured reflectance. Results of the application of the model to time series S2A images provide
the seasonal and spatial distributions of Chla in the lake water, to better understand the lake’s aquatic
ecosystem health and water quality status.
2. Materials and Methods
2.1. Study Area
Lake Ba Be is the largest natural freshwater lake in Vietnam. The lake is situated at an altitude
of 178 m, in a karst terrain that was formed from the destruction of the South-East Asia continental
mass at the end of Cambria era (about 200 Ma). The lake is now permanently filled, while world karst
lakes are empty, or only with water for one season [21]. Lake Ba Be has a water area of approximately
500 ha, including three sub-basins that spread over 8 km from North to South. The width of the lake
ranges from 70 m, at the inlet connecting the northern basin, Pe Lam, with the two southern basins, to
1300 m at the center (Figure 1). The average depth varies from 17 to 23 m.
Lake Ba Be is an open hydrological system as it is fed by three local rivers; the Ta Han, Bo Lu,
and Cho Leng Rivers. The lake then discharges into the Nang River through several subterranean
caves and waterfalls. In 2011, Lake Ba Be was recognized as the third Ramsar site of Vietnam due to
its richness in freshwater biological ecosystems and its important role in the water supply for local
communities [22]. Huong et al. [23] classified the lake as a meso-trophic water based on its total
nitrogen and phosphorus concentrations. Research into the phytoplankton component of the lake [24]
also supported this conclusion. The lake region has a tropical monsoon climate, often humid with two
distinct seasons. The season with high rainfall and hot and humid weather lasts from May to October,
while the dry season lasts from November to early April of the following year and is generally cold
and dry. This seasonal variation leads to significant variability in the Chla.
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Figure 1. Location of Ba Be Lake in Vietnam and water sampling points over the lake water on three
surveyed dates: (1) 4 May 2017; (2) 5 November 2016; and (3) 26 June 2016.
2.2. Field Measurement and Sampling
The in situ dataset of Chla in Lake Ba Be was collected on 26 June 2016, 5 November 2016, and
4 May 2017, within one hour before and after the designated time that the Sentinel-2A acquired local
scenes. Water samples at 20 sites were collected on 4 May 2017, along with 10 sites on 26 June 2016
and 11 sites on 5 November 2016. The sites were located with a Global Positioning System (GPS)
receiver and are shown in Figure 1. The samples were taken at a depth of 50 cm using a Van Dorn
water sampler (Alpha Bottle Kit - 2.2L Horizontal, Wildco, Yulee, FL, USA), preserved in 1-L cleaned,
dark-colored bottles, and then refrigerated.
In the laboratory, Chla and total suspended solids concentration (TSS) of the water samples
were determined, following the standard method of the American Public Health Association [25].
For determination of Chla, the water samples were filtered using a pre-washed 47 mm glass fiber filter
and then extracted into 90% acetone. The Chla of the extracts was determined spectrophotometrically
using a using a Labomed UV–VIS RS model UV-2502 spectrometer (Labomed Inc., Los Angeles, CA,
USA), which utilized a 2 nm spectral bandwidth and optically-matched 13 mm diameter cuvettes 6.
Chla was calculated accordingly, using the following equation:
Chla (µg/L) = (Ca × V1)/V0 (1)
where V1 is the extract volume in liters (L), V0 is the sample volume in cubic meter (m3), and Ca is
Chla pigment in the extract. The Chla pigmented, Ca, is calculated as:
Ca = 11.85 × D664 − 1.54 × D647 − 0.08 × D630 (2)
where D664, D647, and D630 are optical density at 664, 647, and 630 nm, respectively.
Field water reflectance measurements were taken at 20 water-sampled sites on 4 May 2017
and 10 sites on 26 June 2016 over Lake Ba Be using the SVC (Spectra Vista Corporation, New York,
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NY, USA) GER1500 spectroradiometer, a field portable spectroradiometer covering the UV, visible,
and NIR wavelengths from 350 to 1050 nm, with the 1.5 nm bandwidth by the above-water
measurement method [26]. In situ reflectance at each measured point Rrs(λ)was calculated using
the following equation:
Rrs(λ) = Rp × {[Lw(λ) − ρ × Lsky(λ)]/pi × Lp} (3)
where Rp is the reflectance of the ASD standard reference panel, Lw(λ) is the radiance of water-viewing,
Lsky(λ) is radiance of the sky measured sequentially at 40–45 degrees from nadir and zenith,
respectively, and 135 degrees from the Sun in azimuth [27], ρ is the air-water interface reflectance with
a value of 0.022, and Lp is the radiance of the reference panel.
The glint effects on the field radiometry data were then removed using the method proposed by
Kutser et al. [28] to obtain the water reflectance spectra for further interpretation.
Along with water sampling, water clarity was measured concurrently in the field using a standard
20-cm plastic Secchi disk (Wildco, Yulee, FL, USA). The Secchi depth data (SD) was used in the field as a
reference to select the sampling points avoiding the effects of the lake bottom on water reflectance data.
2.3. Image Pre-Processing
S2A acquired data over Lake Ba Be at approximately 3:40 GMT (corresponding to 10:40 local
time) at UTM zone 48N with 10, 20, and 60 m resolution. Level-1C (L1C) MSI data downloaded
from Sentinels Scientific Data Hub [29] contained orthorectified, georeferenced, and radiometrically
calibrated top-of-atmosphere (TOA) reflectances in Universal Transverse Mercator (UTM) projection
with the WGS84 datum. The S2A Toolbox in the Sentinel Application Platform (SNAP) version 5.0 on
Windows 10 (64-bit) was used to resample the images to 10 m resolution. Then, the mean values of
the 3 × 3 cloud-free pixels extracted from each sampling point situated in the middle of the lake were
used for analyses.
With satellite monitoring, Chla is often inaccurate if inappropriate atmospheric correction methods
are used. The Sen2cor atmospheric correction procedure in the Sentinel-2 toolbox was not designed
for water bodies [20] and was proven inappropriate for estimating reflectances within the NIR region,
particularly for reflectance at 705 nm (S2A band 5). Although ACOLITE, an atmospheric correction
method for water bodies [19], provided a better estimation for the NIR region, the estimation was not
always stable and accurate for visible region [30]. Therefore, the traditional empirical line method
(ELM), which was recognized as the most precise method for atmospheric correction, particularly
for atmospheric correction over water areas [31–33], was used in this study. The ELM uses a linear
regression of each S2A band TOA reflectance with concurrently measured surface reflectance to
subtract the atmospheric effect with an assumption that the atmosphere is constant over the entire lake.
In this study, the obtained linear regression functions, using field-measured reflectance at 20 points
over Lake Ba Be and corresponding pixel values of TOA reflectance from the S2A scene acquired
concurrently on 4 May 2017, were used to correct the atmosphere effects on seven S2A scenes acquired
under the same atmospheric conditions as on 4 May 2017, with a clear sky and calm winds, to map the
distribution of Chla over the lake water in the other time periods.
2.4. Algorithms for Estimation of Chla
Most remote sensing algorithms for Chla estimation in waters have been based on the principles
of water absorption responding to algae pigments that match the content of Chla in the water, where a
high content of Chla leads to an increase of water absorption at 443 nm and near 675 nm [6]. Among
the many band-reflectance ratio algorithms that have been proposed for Chla estimation in lake
waters, algorithms based on spectral band ratios are the more preferred because they help reduce the
irradiance, atmospheric and air-water surface effects on reflectance [14,34]. Three commonly-used
algorithms are based on the ratios of: (1) reflectances within the first peak of strong absorption at the
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blue region between 440 and 510 nm, to reflectances at the minimum absorption at the green region
between 550 and 555 nm [35,36]; (2) reflectances at the minimum absorption at the NIR region between
685 and 710 nm, to reflectances at the second peak of absorption at the red region between 670 and
675 nm [16,18]; and (3) reflectances at the minimum absorption at the green region between 550 and
555 nm, to reflectances at the second peak absorption at the red region between 670 and 675 nm [33,37].
In addition to two-band ratio algorithms, three-band ratio algorithms also have been widely used to
estimate Chla in turbid productive waters using two reflectances in the NIR region (720 and 750 nm)
and one at near-670 nm [38], particularly when based on MERIS data using the ratio of the two NIR
bands at 708 nm and 748 nm [17]. Similar to the MERIS data, S2A has two NIR bands (centered at
705 nm and 740 nm) and one red band (centered at 665 nm), thus providing the potential for estimating
Chla using the three-band ratio algorithm.
In this study, S2A has two bands within the blue region, which are centered at 443 nm (band 1)
and 490 nm (band 2); one band within the green region (band 3, centered at 560 nm); one band within
the red region (band 4, centered at 665 nm) and five bands within NIR regions (bands 5, 6, 7, 8a, and 8,
centered at 705 nm, 740 nm, 783 nm, 856 nm, and 842 nm, respectively). Consequently, all available
band ratios commonly used for Chla estimation were evaluated in this study, including two green-blue
band ratios (B3/B1 and B3/B2, respectively) one green-red band ratio (B3/B4), five NIR-red band
ratios (B5/B4, B6/B4, B7/B4, B8a/B4, and B8/B4), and one three-band ratio ((B5 + B6)/B4).
3. Results and Discussion
3.1. Lake Ba Be Water Features
The measured reflectance spectra (range of 400–900 nm) of the surveyed sampling points in Lake
Ba Be are shown in Figure 2a,b for data obtained in early May 2017 and late June 2016, respectively.
The hyperspectral reflectance differed slightly between the two datasets by a higher reflectance of
water at 400 nm measured in June 2016, compared to the measurement in May 2017. Nevertheless,
in both surveyed datasets, it was possible to identify spectral features similar to reflectance spectra
previously observed for clear waters [39,40]. This involved a depression at 440 nm, a prominent peak
around 565 nm and a slight trough at 665 nm. A small reflectance peak appeared weakly near 690 nm
(within 685 to 695 nm, that corresponded to a natural fluorescence signal) indicating the low Chla
contained in the lake water [41].
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Figure 2. Reflectance spectra curves of water sampling points over Lake Ba Be measured on 4 May 2017
(a) and 26 June 2016 (b) overlaid with S2A visible to NIR bands (band 1: B1 to 8a: B8a) locations
showing the coincidences of the S2A green and red bands to the peak and trough of the water
reflectances, respectively.
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Chla, TSS, and SD in the surveyed sampling points exhibited small variability (Table 1) over
time and space. Chla ranged between 1.58 and 4.61 µg/L (average value of 2.92 µg/L) in early May,
between 1.90 and 3.23 µg/L in late June (average value of 2.61 µg/L), and between 2.00 and 6.00 µg/L
in November (average value of 3.77 µg/L). TSS varies slightly over the lake on surveyed dates, from
20.5 to 23.2 mg/L on 26 June 2016 and 18.0 to 22.0 mg/L on 5 November 2016. SD ranged from 4.5 to
7 m in early May, from 2.5 to 7.5 m in late June and from 2 to 7 m in November. The low SD surveyed
points were mostly distributed in the Pe Lam basin where lake water interacts strongly with the Nang
River, through local underground limestone cave systems. In situ Chla and SD were found to have no
significant correlation in all three times of measurements (the Pearson correlation coefficient, R, were
0.45, 0.33 and 0.30, respectively). TSS correlated moderately to both Chla and SD in both surveys in
June and November 2016, with R being 0.56 and 0.59, respectively.
Cross-comparisons of Chla with in situ reflectances of S2A band response-averaged means
(N = 30) show that Chla correlated weakly to S2A visible bands (R = 0.19, −0.22, 0.18, and −0.25 for
bands 1–4, respectively) and moderately to S2A NIR bands (R = −0.38, −0.42, −0.19, 0.36, and 0.50 for
bands 5–8 and 8a, respectively).
Table 1. Descriptive statistics of water parameters obtained in three surveys.
Parameters and Measured Dates N Minimum Maximum Mean Standard Deviations
4 May 2017 Chla (µg/L) 20
1.58 4.61 2.92 0.77




2.00 6.00 3.77 1.45
SD (m) 2.0 7.0 5.0 1.5




1.90 3.23 2.61 0.5
SD (m) 2.1 6.5 4.5 2.2
TSS (mg/L) 20.5 23.2 21.2 0.57
In all cross-regression analyses between Chla with in situ reflectance that corresponded to the
selected S2A band ratios, the exponential function mostly obtains smaller errors compared to linear
and logarithm functions (Table 2). This feature, once again, confirmed the appropriateness of the
exponential model for estimating water constituents, such as TSS, Chla, and CDOM, as proposed by
Ha and Koike [42] through the physical based consideration of the propagation and reflection of EM
waves in shallow waters.
Table 2. Performances of selected Chla estimation algorithms and results of the best-fit curve analyses
using in situ Chla and reflectance (N = 30) measured concurrently on 26 June 2016 and 4 May 2017.
Algorithms S2A Band Ratio
Linear Exponential Logarithms
R r2 SE p R r2 SE p R r2 SE p
Green-blue
two-band ratio
B3/B1 0.04 0.00 0.70 0.84 0.07 0.00 0.25 0.71 0.05 0.00 0.70 0.77
B3/B2 0.32 0.11 0.66 0.08 0.35 0.12 0.24 0.06 0.32 0.10 0.66 0.09
Green-red
two-band ratio B3/B4 0.80 0.65 0.42 0.00 0.82 * 0.68 * 0.14 * 0.00 * 0.80 0.63 0.42 0.00
NIR-red
two-band ratio
B5/B4 0.54 0.29 0.59 0.00 0.54 0.29 0.21 0.00 0.54 0.29 0.59 0.00
B6/B4 0.32 0.11 0.66 0.08 0.39 0.15 0.65 0.03 0.33 0.11 0.24 0.08
B7/B4 0.01 0.00 0.70 0.96 0.01 0.00 0.25 0.94 0.05 0.00 0.70 0.79
B8A/B4 0.42 0.18 0.64 0.02 0.48 0.23 0.61 0.00 0.40 0.16 0.23 0.30
B8/B4 0.28 0.08 0.67 0.14 0.25 0.06 0.24 0.18 0.31 0.01 0.67 0.09
NIR-red
three-band ratio (B5 + B6)/B4 0.43 0.18 0.63 0.02 0.43 0.18 0.23 0.02 0.44 0.20 0.63 0.01
R: Pearson correlation coefficient; r2: R-square; SE: Standard error of the estimates; and *: The selected model to
estimate Chla in Lake Ba Be water in this study.
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Figure 3 shows the cross-relationship of Chla and in situ S2A band ratios, with the strongest
correlation detected between Chla and B3/B4 (r2 = 0.68; standard error of the estimate = 0.14 µg/L
corresponded to 5% of the mean value of in situ Chla; Figure 3c). The S2A red-edge band at 705 nm
(band 5) and its ratio with red band (band 4), B5/B4, show a moderate correlation with Chla with
r2 = 0.29, respectively. The standard error of the estimate by B5/B4 was 0.79 µg/L and higher than one
of the estimates by B3/B4. Therefore, B3/B4 was selected as the best ratio for estimating Chla in Lake
Ba Be water in this study. Chla can be calculated from in situ B3/B4 by following equation:
Chla = 0.80 × exp(0.35 × B3/B4) (4)
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Figure 3. Cross-relationships of in situ Chla and in situ reflectances corresponding to the S2A band
ratios as commonly used to estimate Chla in the reviewed literature (green-to-blue band ratios (a,b);
green-to-red band ratio (c); NIR-to-red band ratios (d,e,f,g,h,i)). Abbreviations of the S2A band 1 to
band 8a corresponded to B1 to B8a. The highest correlation and the smallest error of S2A B3/B4 with
in situ Chla confirmed the appropriateness of using this two-band ratio for estimating Chla in Lake Ba
Be water (c).
Figure 4 presents the differences of in situ reflectances (Figure 4a) and S2A TOA reflectances
(Figure 4b), and bottom-of-atmosphere (BOA) reflectance (Figure 4c,d) of 20 water sampling points
over the Lake Ba Be on 4 May 2017. The simple dark object subtraction (DOS) method [43] which was
proven to be efficient for removing the atmospheric effects over the water body using the S2A data [44]
was applied and compared with the ELM method. The DOS procedure in this study used the dark
values extracted from the minimum values of each S2A image band. Results from DOS (Figure 4c) and
ELM m thods (Figure 4d) confirmed the appropriateness of the ELM m thod in atmosph ric effect
remov ls. The BOA reflectance yielded by th ELM method matched the n situ r flectances well and,
therefore, the ELM method with the same regression coefficients was used to remove atmospheric
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effects on the seven S2A images of the lake acquired under similar weather conditions to those on
4 May 2017 (clear sky; sunshine; temperature: 23–28 ◦C; humidity: 70–75%; wind speed: ≤2 m/s [45]).ISPRS Int. J. Geo-Inf. 2017, 6, 290  8 of 15 
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Figure 4. Features of in situ reflectance based on S2A band response-averaged mean values (a);
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The standard error means of in situ reflectances of band 3 and band 4 with the ELM outputs
(0.0011 and 0.00054, corresponding to 3.6% and 6.4% of the in situ mean values) again confirmed the
suitability of the ELM method (Figure 5). For both band 3 and band 4, the DOS method shows less
accurate results than the ELM method and, therefore, is not appropriate for use in this study.
ISPRS Int. J. Geo-Inf. 2017, 6, 290  8 of 15 
 
 
Figure 4. Features of in situ reflectance based on S2A band response-averaged mea  values (a); TOA 
reflectan e extracted from S2A level 1C (b); botto - f-atmospher  reflect nc  after using DOS 
atmospheric cor ection me hod (c); and bottom-of-atmosphere reflectance aft r using ELM m thod 
(d) of pixels that correspond to water sampling points on 5 May 2017. Twenty lines correspond to 
reflectance spectra curves of 20 water sampling points on 5 May 2017. 
The standard error means of in situ reflectances of band 3 and band 4 with the ELM outputs 
(0.0011 and 0.00054, corresponding to 3.6% and 6.4  of the in situ mean values) again confirmed the 
su tability of the ELM method (Figure 5). For bot   3 and band 4, the DOS method shows less 
ccurate results than the ELM method and, therefore, i  t appropriate for use in this study. 
 
Figure 5. Comparisons between in situ, DOS and ELM output reflectances of band 3 (a) and band 4 
(b) show the suitability of the ELM method for removing atmospheric effects. 
Comparisons of in situ Chla and estimated Chla from S2A using Equation (4) obtained on 4 May 
2017 and 5 November 2016 are shown in Figure 6. It is clear that estimated Chla has small MSE values 
Figure 5. Comparisons between in situ, DOS and ELM output reflectances of ban 3 (a) and band 4 (b)
show the suitability of the ELM method for removing atmospheric effects.
ISPRS Int. J. Geo-Inf. 2017, 6, 290 9 of 15
Comparisons of in situ Chla and estimated Chla from S2A using Equation (4) obtained on
4 May 2017 and 5 November 2016 are shown in Figure 6. It is clear that estimated Chla has small MSE
values compared to in situ Chla, (MSE = 0.25 to 0.75 mg/L, corresponded to 7.5% to 15% of in situ
mean Chla) confirming the appropriateness of Equation (4) for estimating Chla in Lake Ba Be water
when the acquisition times differed.
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3.2. Distribution of Chla in Lake Ba Be Water in Space and Time
Seven S2A images acquired under the same weather c nditi n as th surveyed date, 4 May 2017,
were used to correct for the tmospheric effects in or er to estimate Chla using Equation (4). Figure 7
shows the resultant distribution of estimated Chla in Lake Ba Be water over space and ti e. Chla
in Lake Ba Be ranged from 1.52 µg/L (in June 2017) to 8.76 µg/L (in November 2016) with mean
values ranging from 2.08 µg/L (in July 2016) to 6.03 µg/L (in November 2016). Spatially, Chla
tended to be present at a higher mean value in the lake center and at a lower mean value in areas in
close proximity to local discharge streams and rivers. This distribution trend can be seen clearly in
Chla maps estimated from the S2A scenes acquired during the rainy season (fro May to October).
The highest estimated Chla is often distributed in the center of Pe Lam and Pe Lu basin , reaching
over 8 µg/L in mid-autu n (Oct ber) to late autum and arly winter (November). From these
maps of C la distribution, the effect of discharges of local rivers on lake water quality was observed,
particularly in early summer (from May to June). Strong water exchange through the subterranean
karst hydro-system with the Nang River in the northern part of the lake caused a significant reduction
of Chla in Pe Lam basin water. Water discharge from the Ta Han River in the southern part of the
lake diluted Chla in the Pe Leng basin water, making Chla in the Pe Leng basin lower than in the Pe
Lu basin.
To gain further understanding of the temporal dynamics of Chla, pixels of all S2A available
images without cloud cove over Lake B Be were explored using the same above-menti ned methods
to estimate Chla in the lake water. Figure 8 clarifies the temporal change in the mean values of Chla
distribution over Lake Ba Be by assuming that the Chla estimated in the same month are similar to
the general trend in the images acquired in the years 2015 to 2017. Over the course of a year, Chla
was low in the months of spring (January to May), increased to peak in late summer to early autumn
(September to early October), and then gradually decreased to a low level during late autumn to winter
(November to December). This feature conforms to the seasonal pattern of Chla in mesotrophic lakes
located below 29◦ N latitude [46].
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Estimated Chla has low correlations with local monthly average temperatures and precipitation
(R = 0.13 and −0.10, respectively) because the Chla estimated from small number of available S2A
images, as in this study, may not reflect the general trends in distribution and monthly mean levels of
Chla in the lake water. The range of Chla values over the year increased gradually each month except
for July and August. Chla estimated from the images acquired on 18 July 2016 (Figures 7 and 8) was
dramatically low compared to the general seasonal trend of Chla in tropical lakes [45]. The cause of
this feature is due to heavy rain occurring during consecutive days from 1 July 2017 to 10 July 2017
throughout the study area. This heavy rainfall diluted the content of lake water constituents, including
Chla, as measured after rainy days. Therefore, future work on longer-term monitoring of Chla in
the lake water should be carried out to characterize the seasonal pattern of Chla and its related
limnological processes.
3.3. Consistency of the Band Ratioselection
As previously mentioned, a wide range of band ratios has been developed for retrieving
Chla [16–18,34–38]. The successful selection of these ratios depends largely on the biogeochemical
characteristics of the water body, clearly shown by the water reflectance spectrum. The proportion of
optically-significant constituents in the studied waters (i.e., algae, CDOM, and inorganic suspended
solids) should be considered in the selection of a band ratio. For example, to estimate Chla in
ocean waters, the blue-to-green ratio of remote sensing reflectance has been widely used because
phytoplankton is usually the predominant constituent in the waters rather than inorganic suspended
solids (ISS) and dissolved organic matter (DOM). The challenges for this ratio in estimating Chla
in inland and coastal waters are the presences of ISS and CDOM with higher values and their
concentrations do not always correlate with Chla [8]. Hence, the NIR-to-red ratio and the green-to-red
ratio were developed for estimating Chla in highly-turbid waters to subtract the overlaps of the
absorption of CDOM and ISS in the blue region of the spectrum. Additionally, different satellite
sensors measure water reflectances at various wavelengths: a uniform algorithm lacks versatility for
accurately estimating Chla due to this diversity. For example, the positions of the spectral bands of
Landsat ETM+ and OLI were proven not to be applicable for estimating Chla using the NIR-to-red
ratio [47,48]. Furthermore, to avoid the large errors of an empirical model for monitoring at various
times, the best selection ratio for the estimation of Chla should be based on the physical principle of
the reflectance absorption of Chla in water [48].
As in many lakes in the tropical region, the DOM in Lake Ba Be water ranges widely over the
seasons [49]. The DOM in water has been estimated remotely through CDOM, whose absorbance
spectrum overlaps with the Chla absorption at 443 nm. Consequently, the blue-to-green ratio is
inappropriate for estimating Chla in common inland waters [6]. Water reflectance spectra of Lake
Ba Be water in the two measurements (Figure 2) showed a difference of reflectances within the blue
region between the data in May and June, which demonstrates the large variation of CDOM in the
lake water. Therefore, in selecting band ratios to estimate Chla in waters like Lake Ba Be water, where
Chla present is mostly lower than 10 µg/L, the blue-to-green ratio should be eliminated to avoid the
effect of CDOM on the estimates.
The NIR-to-red band ratios were successfully used for turbid waters where ISS was the
predominant water constituent, through confirming that the reflectance peak near 700 nm of water was
less affected by ISS than the reflectance peak within the green region [6]. According to the obtained data
(Table 1), TSS in Lake Ba Be water was sufficiently low, ranging from 20.5 to 23.2 mg/L (average value
of 21.2 mg/L) in the rainy season (June 2016) and from 18 to 22 mg/L (average value of 20.5 mg/L)
in the dry season (November 2016). Therefore, this lake may be the most suitable for passive remote
sensing under the weather conditions of clear sky and calm wind. This assumption was supported by
the notable values of SD measured on the surveyed dates evidencing a high potential of the reflectance
peak in the green region for estimating Chla in the lake water due to the negligible effect of ISS on this
peak. Moreover, the second reflectance peak near 700 nm was unclear and lower than the reflectance
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at 670 nm at several surveyed points (Figure 2), thus demonstrating why the NIR-to-red band ratio
(r2 = 0.29; SE = 0.21 to 0.59 µg/L) was much less appropriate than the green-to-red band ratio (r2 = 0.68;
SE = 0.14 µg/L) in the estimation (Table 2).
4. Conclusions
This study developed a method to estimate and map Chla in a tropical freshwater lake using
S2A imagery. Evaluation on the performance of commonly-used band-ratio algorithms for estimating
Chla in inland waters using field spectral data, and concurrently measured Chla from 30 surface water
points in Lake Ba Be, demonstrated the appropriateness of the green-to-red two-band ratio to estimate
Chla in the lake using S2A data (r2 = 0.68 with a corresponding error of 5% of the mean value of in situ
Chla). The model for estimating Chla using the S2A green-red band ratio by an exponential function
was well matched with in situ Chla measured in the lake water on 5 November 2016 (MSE was lower
than 20%), thus confirming the efficiency of the proposed method. The spatial distribution of Chla in
Lake Ba Be, estimated from seven S2A images acquired under clear sky and calm wind conditions
since 2015, was successfully mapped, clarifying the trend that Chla is often at a high level in the lake
center, and at a lower mean value in areas in front of local river and stream mouths. Spatially, Chla
in Pe Lu basin water is often higher than in the other two basins due to comparatively less water
exchange with local rivers. Despite a small number of S2A images being available for this study, the
seasonal temporal dynamic of Chla in Lake Ba Be water has been able to be further clarified, as Chla
tends to be low during months in the spring, rising to a peak in September, then gradually decreasing
in end year months. This temporal trend conforms with the general, seasonal pattern of Chla in lakes
in tropical regions, once again confirming the suitability of the proposed method and the potential of
S2A data for monitoring Chla in water bodies that have similar features to Lake Ba Be.
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